Background: Sho-saiko-to (SST) (also known as so-shi-ho-tang or xiao-chai-hu-tang) has been widely prescribed for chronic liver diseases in traditional Oriental medicine. Despite the substantial amount of clinical evidence for SST, its molecular mechanism has not been clearly identified at a genome-wide level.
Background
Sho-saiko-to (SST) (also known as so-shi-ho-tang or xiaochai-hu-tang) is a botanical formulation composed of seven herbal materials (see Additional file 1: Table S1 ) and is widely used for the treatment of chronic hepatitis and liver cirrhosis in Korea, Japan, and China [1] . SST and its major components (e.g., baicalin, baicalein, glycyrrhizin, and saikosaponin-D) have marked antiproliferative activity on hepatocellular carcinoma [2] [3] [4] , prevent liver injury [5] , and promote liver regeneration in animal models [6, 7] . These pharmacologic effects of SST involve the immunomodulation of diverse immune cells and immune molecules [8, 9] . However, because of the complex nature of the chemical components of SST, focusing only on specific components or on a few target genes is inadequate to understand the diverse biological activities of SST. Therefore, it is necessary to apply a multiple target-based approach to elucidate the molecular mechanisms mediated by the multiple components of SST.
Recent advances in high-throughput technology such as the microarray has made it possible to investigate the effects of drugs at the whole-genome level [10] . One highthroughput technology is the microRNA array, which can detect the expression level of whole microRNAs that have been discovered to date [11] . MicroRNA is a small noncoding RNA molecule composed of approximately 22 nucleotides that pair to sites in messenger RNA (mRNA) and directly repress post-transcription in eukaryotic cells [12] . Many reports suggest that microRNAs are involved in diverse biological functions such as proliferation, differentiation, and development. The search for targets of microRNA shows that many mammalian mRNAs are the conserved targets of microRNA [13] . This suggests an important role of microRNA in regulating gene expression. Therefore, using the information of mRNA and microRNA is important to elucidate the precise mechanism of gene expression. The integrated multi-omics approach actually reveals a novel regulatory network of gene expression in diverse biological situations such as disease research [14] [15] [16] , genome research [17] , and herbal research [18, 19] . We also previously reported the usefulness of a genome-wide approach in elucidating the molecular effects of herbal extracts [20, 21] .
By using an integrated genomic analysis of genes and microRNAs in the present study, we attempted to identify SST-induced gene expression changes in primary mouse hepatocytes. The results indicated that SST regulated gene expression through microRNA in a functionally coordinated manner. Our approach could give perspective on the role of microRNAs in the pharmacological effects of SST.
Methods

Primary mouse hepatocyte isolation and culture
Six-week-old male ICR mice were purchased from Samtako Bio Inc. (Seoul, Korea). Primary mouse hepatocytes were prepared by using the collagenase perfusion method. In brief, the 6-week-old male mice were anesthetized by an intraperitoneal injection of Zoletil-50 and 2% Rompun, which were cannulated through the right ventricle. The livers were perfused with ethylene glycol tetra-acetic acid (0.5 mM) in Hepes-buffered Hank's balanced salt solution (HBSS; pH 7.4) for 5-6 min (flow rate 5 mL/min). The livers were then perfused for another 20 min with Hepesbuffered HBSS containing collagenase (Sigma, USA) (flow rate 5 mL/min). The hepatocytes were dispersed, washed, and purified on a Percoll density gradient (Sigma). Hepatocyte preparations with viability greater than 85%, as determined by the trypan blue exclusion protocol, were used. The isolated hepatocytes were suspended, and then transferred to gelatin-coated culture dishes or plates at a density of approximately 5 × 10 5 cells/mL. The hepatocytes were allowed to attach onto culture dishes or plates coated with gelatin for 4-6 hours in William's Media E (Sigma) containing 1% penicillin/streptomycin, 2 mM of L-glutamine and 10% fetal bovine serum. After the attachment, the hepatocytes were washed with HBSS and provided fresh medium. They were incubated overnight at 37°C, 95% air, and 5% carbon dioxide. The hepatocytes were then deprived of the serum and used for experiments. All animal experimental procedures were approved by Institutional Animal Care and Use Committee of the Korea Institute of Oriental Medicine (Permit Number: KIOM 12-024) and performed in strict accordance with the recommendations in the Guide for the Care and Use of Laboratory Animals at the Korea Institute of Oriental Medicine.
Cell viability assay
SST was kindly provided by Dr. Hyeun Kyoo Shin (Basic Herbal Medicine Research Group, Korea Institute of Oriental Medicine, Republic of Korea). Preparation of SST was described as previously [22] . In brief, crude seven herbal medicines were extracted in distilled water at 100°C for 2 hours, filtered, and then freeze-dried. We confirmed the safety of SST by using an in vitro colorimetric cell proliferation kit (methyl thiazolyl tetrazoliym [MTT]) (Roche Applied Science, Germany) as described previously [23] . In brief, hepatocytes were first cultured in 48-well plates at a density of 1.0 × 10 5 cells/well for 24 hours. After incubation, the cells were washed with phosphate-buffered saline and treated with different concentrations of SST (0.1-1.0 mg/mL) for 24 hours. The cells were hereafter washed and incubated for 1 hour with MTT (500 μg/mL). Formazan crystals were dissolved by using dimethyl sulfoxide (100 μL/well). The absorbance was measured colorimetrically at 570 nm.
Microarray experiment and quantitative real-time polymerase chain reaction
Mouse primary hepatocytes were treated with 500 μg/mL of SST at a density of 1.0 × 10 6 cells per 60-mm dish for 1-24 hours in triplication. The total RNA from hepatocytes was isolated with Tri-reagent (Sigma) in accordance with the manufacturer's instructions. The quality of purified RNA was measured by using the Agilent 2100 Bioanalyzer (Agilent Technologies, USA); only samples with a RNA integrity number (RIN) greater than 7.0 were included in the microarray analysis. RNAs from the triplication of experiments at each time point were pooled to exclude experimental bias. For the gene expression microarray, isolated RNA was amplified and labeled by using the low RNA input linear amplification Kit PLUS and then hybridized to a microarray (Agilent Mouse Whole Genome 44 K; Agilent Technologies, USA) that contained approximately 44,000 probes (approximately 26,600 unique genes) in accordance with the manufacturer's instructions. For microRNA expression microarray, the microRNA was labeled and hybridized to Agilent Mouse miRNA Microarray (Release 17.0) by using the Agilent miRNA Labeling and Hyb Kit (Agilent Technologies, USA). Approximately 1100 microRNAs, based on the annotation of miRBase Release 17.0, were presented in microarray. The arrays were then scanned with the Agilent Microarray Scanner (Agilent Technologies, USA). For quantitative real-time polymerase chain reaction (Q-PCR) analysis, mRNA and microRNA were reverse-transcribed, amplified, and detected by using Taqman probes (ABI, USA) in triple time, as described previously [24] .
Microarray data analysis
The raw intensity of the probe signals was obtained by using Feature Extraction Software (Agilent Technologies, USA). Only array elements showing a signal intensity greater than 1.4-fold of the local background were considered well measured. The remaining elements were normalized using the quantile method [25] . The intensities for duplicated spots were averaged. The expression ratio of genes (or microRNAs) in the experimental samples was then determined by comparing them with genes (or microRNAs) in the control sample. The expression profile was hierarchically clustered by using the Cluster program and visualized using the TreeView program (both can be obtained from http://www.eisenlab.org). Figure 1 shows a schematic diagram of the overall analytical process.
Temporal expression of genes and microRNAs
The short time-series expression miner (STEM) program-which was originally developed for the temporal analysis of microarray experiments [26] -was used to identify genes or expression patterns that were changed temporally. Only genes with a fold ratio greater than 2 or less than 0.5 for at least one time point were included in the analysis. The statistical significance of the temporal patterns was calculated by using a permutation test (n = 1000) corrected by the false discovery rate (FDR).
Integration of mRNA and microRNA expression
The relationship between gene expression and micro-RNA expression was measured by using a permutationbased correlation method. First, a list of the predicted target genes of microRNAs, calculated by bioinformatic analysis of large public microarray datasets, was obtained from the MicroRNA Database (miRDB version 4.0) website (http://mirdb.org) [27, 28] . Second, the Pearson correlation coefficient was measured between each microRNA expression in the microRNA microarray and each predicted target gene expression in the mRNA microarray. Only gene and microRNA pairs that showed a negative correlation coefficient were selected to form a correlation coefficient matrix between the predicted target genes and the microRNAs. The statistical significance of the resultant correlation coefficient matrix was estimated by using a random sampling-based permutation [29] in which the coefficient values from the original dataset were compared with the values from 1000 times randomly permuted datasets. Only target genes and microRNAs with a FDR less than 0.01 were selected as significant.
Pathway enrichment
The simple enriched pathways were estimated by the DAVID program [30] in which the p values of each pathway were calculated, based on Fisher's exact test, from an input list of genes. For adjustment by multiple comparisons, the DAVID program used the FDR by the Benjamini procedure. For another pathway analysis, the Signaling Pathway Impact Analysis (SPIA) program [31] was implemented by using a subgroup of differentially expressed genes. The SPIA program calculated a global pathway significance p value (P G ) that combines the enrichment p values and the perturbation p values by considering pathway topology with a random bootstrap iteration number of 3000. The FDR of the pathways was measured by applying the Benjamini algorithm in SPIA. The pathway information was obtained from the database of the Kyoto Encyclopedia of Genes and Genomes (KEGG, http://www.genome.jp/kegg).
Pathway activity
The activity of the pathways was measured by linearly combining the logarithmic expression value of all genes in each pathway to account for the accumulative effect of small changes by many genes [32] . Statistical significance was measured by the FDR in which the original pathway's activity was compared with the randomly permutated activity values (1000 times). Pathways with a FDR less than 0.01 were selected as significant and then hierarchically clustered on the basis of similarity of activity values.
Core microRNA targets from multiple pathways
Core nodes (i.e., core genes) among multiple pathways were measured by implementing KEGGgraph R package (version 2.10) [33] . In brief, the core nodes were determined by calculating the relative betweenness centrality of nodes in which the number of ingoing and outgoing edges for each node was computed in the network structure of the multiple pathways. Nodes with a relative betweenness centrality greater than 0.01 were selected as the core microRNA targets.
Transcription factors binding sites analysis
Candidate binding sites for transcription factors in the promoter region were identified through sequence matching of the position weight matrix by implementing MotifDb R package (version 1.2.2, http://www.bioconductor.org/packages/2.12/bioc/html/MotifDb.html) [34] . A total of 329 position weight matrices for mouse transcription factors were used. Of these, 47 matrices were from the JASPAR database (http://jaspar.genereg.net) [35, 36] and 282 matrices were from the Universal PBM Resource for Oligonucleotide-Binding Evaluation (UniP-ROBE) database [37] . The nucleotide sequence of the promoter region of the gene (−2000 bp to +500 bp from the transcription start site) was obtained from the Mus musculus full genome, which was provided by the University of California, Santa Cruz (UCSC mm10 version). The presence of the transcription factor binding site (TFBS) within the promoter region of each gene was predicted by using the matchPWM algorithm in which a minimum score for counting a match was set at 90% [36] . Based on the resultant frequency of the matrices of the TFBS, the similarity of genes was determined by using Jaccard's algorithm, which does not consider the absence of binding sites in two promoters as an indication of similarity [38] . Jaccard's algorithm is effective in the promoter clustering of genes, as we previously reported [21] .
Results
Temporal pattern of genes and microRNA expression
The cytotoxic effect of SST on primary hepatocytes was not significant under the experimental condition (0.1-1.0 mg/mL) as shows (see Additional file 1: Figure S1 ). The concentration of SST therefore chosen for the study was 500 μg/mL because of its solubility and cytotoxicity in the microarray analysis. The expression profiles of genes and microRNAs, regulated by the treatment of SST, were measured by using microarray analysis in primary mouse hepatocytes. Figure 1 depicts the overall analysis. The expression pattern of genes shows that 1166 genes were dramatically changed in their expression levels at the time of SST treatment ( Figure 2A ). Among these patterns of gene expression, Sub-cluster 1 was composed of genes that temporally increased expression, whereas Sub-cluster 2 was composed of genes with temporally decreased expression. For a more systematic approach, we tried to isolate genes showing a specific temporal pattern by using a time-series analysis of the microarray. Figure 2B presents two representative statistically significant temporal patterns: the temporal up-regulated pattern (temporal up-pattern) and the temporal down-regulated (temporal down-pattern); the FDR was less than 0.001, which included most temporally expressed genes that were changed by SST. The temporal up-pattern included 463 temporally up-regulated genes and the temporal down-pattern included 177 genes down-regulated by SST. However, the expression of microRNAs did not show a clear temporal pattern after treatment with SST ( Figure 2C ) (see Additional file 1: Table S2 ) shows the full list of temporal pattern genes.
Integration of gene and microRNA expression
To determine the putative targets of microRNA among the genes in the two temporal expression patterns, we developed an algorithm integrating the temporal expressions of the genes and the microRNAs. By using the predicted target genes from the miRDB (http://mirdb.org) [27, 28] , correlation coefficients were measured between the temporal expression of the predicted target genes and the microRNAs. After the permutation-based adjustment of the measured correlation coefficients, 174 genes with a FDR less than 0.01 were finally selected as the putative targets of microRNA from the two temporal patterns: 155 genes were identified from the temporal uppattern and 19 genes were identified from the temporal down-pattern. For experimental confirmation of the expression pattern based on microarray testing, Q-PCR was performed for some genes (ABCC4 from temporal up-pattern, CYP3A11 from temporal down-pattern, and FOXA1 from non-pattern) and microRNAs (miR-23a-3p and miR-466b-3p). CYP3A11 was specifically the target of miR-23a-3p (Table 1) . As shows (see Additional file 1: Figure S2 ), the overall patterns of gene expressions between microarray and Q-PCR were similar. Figure 3 shows the connection map between microRNA molecules and its target genes from temporal up-pattern ( Figure 3A ) and from temporal downpattern ( Figure 3B ). Table 1 lists the microRNA targets. The number of putative microRNA targets (19 of 177 genes) in the temporal down-pattern was significantly lower than the number of targets (155 of 463 genes) in the temporal uppattern (p value < 0.001). This unbalanced distribution of the microRNA target genes imply microRNAs have a specific biological role induced by SST. Therefore, we measured the functional involvement of microRNA targets via pathway analysis.
Pathway analysis of putative microRNA targets
The pathways involved in the two temporal patterns of the genes were measured by applying two different approaches (Table 2) , by simple enrichment pathway analysis, and by topology-based signaling pathways analysis. Simple enrichment analysis of the pathways, which measures enriched pathways from Fisher's exact test, showed that the temporal up-pattern induced by SST was involved in the cell cycle pathway (i.e., KEGG ID mmu04110) and that the temporal down-pattern included drug metabolism-related pathways (e.g., mmu00982, mmu00983, mmu00980) and immunerelated pathways such as the systematic lupus erythematosus pathway (mmu05322) and the complement and coagulation cascade pathways (mmu04610). Topology-based signaling pathway analysis, which calculates the enrichment score by taking into account the topology of each signaling pathway, also showed that the cell cycle pathway (i.e., mmu04110) was significantly enriched from the temporal up-pattern, whereas diverse signaling pathways (e.g., immune-related pathways and metabolism-related path- [30] . For topology-based signaling pathway analysis, the p value indicates the global pathway significance p value (P G ), which combines the enrichment p values and the perturbation p values in regard to pathway topology with a random bootstrap iteration number of 3000 [31] .
**
The false discovery rate (FDR) correction is measured by applying the Benjamini algorithm [30, 31] . ways) were selected as significant pathways from the temporal down-pattern. In addition, the cytokine-cytokine receptor interaction pathway (mmu04060) and the osteoclast differentiation pathway (mmu04380) were also significant pathways that were associated with the temporal up-pattern. We measured temporal changes in pathway activity by using the expression levels of all genes in each pathway. Figure 4 shows that many diverse pathways were temporally activated or repressed, according to the SST treatment. Pathways enriched from the temporal up-pattern and down-pattern showed temporally increased and decreased activity, respectively.
The functional association of microRNA target genes shows that only one pathway-the cell cycle pathway (mmu04110)-was statistically significant from the temporal up-pattern (the FDR was less than 0.01). From the temporal down-pattern, we measured one pathway that was also statistically significant: the xenobiotics metabolism pathway (mmu00980). On the other hand, non-microRNA targets from the temporal up-pattern were associated with signaling pathways such as the cytokinecytokine receptor interaction pathway (mmu04060), the NF-κB signaling pathway (mmu04064), the mitogenactivated protein kinase (MAPK) pathway (mmu04010), and the osteoclast differentiation pathway (mmu04380). However, non-microRNA targets from the temporal down-pattern were associated with diverse pathways such as immune-related pathways and metabolismrelated pathways. (see Additional file 1: Figure S3 ) shows the positions of the temporally regulated genes in each significant pathway.
By comparing pathways involved in the microRNA targets and microRNA non-targets, we speculated that microRNA was specific for the regulation of the cell cycle pathway from temporal up-pattern and the xenobiotics metabolism pathway from the temporal down-pattern.
Integration of multiple pathways
We found that only a few pathways (e.g., cell cycle pathway and xenobiotics metabolism pathway) were associated with microRNA target genes regulated by SST. However, as an individual gene, the microRNA target could play critical roles in diverse pathways. Therefore, we integrated all pathways that were significantly enriched by SST to identify key microRNA targets. From multiple pathways associated with the temporal up-pattern, the core microRNA targets selected were CCNA2, PTTG1, CDK1, CCNB2, CDC25B, CCL7, MAPK12 and ESPL1 ( Figure 5A ). From the temporal down-pattern, CYP2F2, CYP3A11, and CYP2C50 were selected as nodes with multiple roles ( Figure 5B ). The pathways containing these core targets of microRNA are shown below each network structure.
TFBS analysis
The functional segregation of genes, based on the expression pattern, suggests that the gene transcription process would be the direct regulatory target of SST. Therefore, we investigated the possible association of the TFBS structure on the gene expression after SST treatment. By using the promoter region (−2000 bp to +500 bp from the transcription start site) of genes included in the temporal patterns, the correlation matrix of genes based on TFBS similarity was measured. The resultant clustering profile shows that genes in the temporal up-pattern are clearly distinguished from genes in the temporal down-pattern. As Figure 6A shows, two subgroups of genes were tightly clustered (i.e., Upcluster and Down-cluster), which were primarily composed of genes from the temporal up-pattern and down-pattern, respectively. In addition to the main subgroups, there were other subgroups that also consisted exclusively of temporal up-pattern or down-pattern genes. The putative target genes of the microRNAs were interestingly also clustered into small subgroups ( Figure 6A ). This segregation of microRNA targets was more clearly observed in the temporal up-pattern genes ( Figure 6B ). One subgroup of microRNA targets was closely correlated with the similar TFBS structure (depicted as MicroRNA cluster in Figure 6B ). MicroRNA target genes from the temporal down-pattern were also primarily concentrated on one cluster, although the number of target genes was small ( Figure 6C ). This separation of genes based on TFBS similarity indicates the presence of common cis-elements in the SST-regulated gene expression.
Discussion
Despite the clinical usefulness of traditional herbal medicine, the complex nature of herbal chemical components prevents the elucidation of their exact molecular mechanisms. The herbal preparation of SST is also widely prescribed for the treatment of diverse liver diseases, but without clear understanding of its molecular mechanism [1] . What further complicates the situation is that SST is composed of seven different herbal plants (see Additional file 1: Table S1 ). Therefore, understanding the molecular activity of SST is limited when focusing on only a few major components or certain kinds of genes.
In the present study, we measured the global changes of genes and microRNAs expression induced by SST in cultured primary mouse hepatocytes, because the liver is a primary target organ of SST and is responsible for metabolizing xenobiotics. The expression profile shows two temporal expression patterns of genes after SST treatment, but no clear temporal pattern in microRNA expression ( Figure 2) . The microRNA expression levels after SST treatment were lower than the expression levels of genes. This suggests that a small number of Figure 4 (See legend on next page.) microRNAs can regulate many genes. Therefore, it is critical to identify accurately the microRNA target genes. We used a correlation-based permutation approach to exclude possible false-positive links between microRNA and its putative target gene expression. The resultant 174 microRNA target genes were obtained from 463 temporal up-pattern genes and 19 targets were obtained from 177 temporal down-pattern genes ( Figure 3 and Table 1 ). This indicates that microRNA is especially concentrated in the regulation of temporal up-pattern genes (p value < 0.001).
In addition to this unbalanced distribution of micro-RNA target genes, different biological functions were associated with microRNA targets in the two temporal patterns. For example, cell cycle pathway (mmu04110) was specifically involved in microRNA targets from the temporal up-pattern genes. On the other hand, non-microRNA target genes from temporal up-pattern genes were significantly associated (the FDR was less than 0.01) with cell signaling pathways such as the cytokinecytokine receptor interaction pathway (mmu04060), the NF-κB signaling pathway (mmu04064), the MAPK Mapk12 Ccl7 Figure 5 The core microRNA target genes in multiple pathways regulated by SST. (A) Nodes with high relative betweenness centrality were selected as the core microRNA targets in multiple pathways enriched in (A) the temporal up-pattern genes and (B) the temporal down-pattern genes. Each circle represents an individual gene node and each arrow represents its regulatory edge type. Out-going edges reflect nodes that act as regulators, whereas in-going edges reflect nodes that are subject to intermolecular regulations. The orange circles indicate the core nodes with a relative betweenness centrality greater than 0.01. The pathways, including core nodes genes, are also indicated schematically.
signaling pathway (mmu04010), and the osteoclast differentiation pathway (mmu04380) ( Table 2 ). Unlike the temporal up-pattern, microRNA targets from the temporal down-pattern were associated only with the xenobiotics metabolism pathway (mmu00980). Non-microRNA targets from the temporal down-pattern were involved in diverse pathways, among which were two primary categories: the immune-related pathway and the metabolism-related pathway. However, the number of microRNA targets from the temporal down-pattern was small. The SST-enriched peroxisome proliferator-activated receptor (PPAR) pathway is critical in regulating metabolism and proliferation by modulating E2F and AKT signaling in the liver regeneration process [39] .
The temporal change of activity plot (Figure 4 ) indicated that many other pathways in addition to pathways listed in Table 2 were also activated or suppressed, reflecting the fact that diverse biological functions were influenced by the SST treatment. As expected, the cell cycle pathway (mmu04110) from the temporal uppattern showed increased activity, whereas the immunerelated pathways and drug metabolism pathways from the temporal down-pattern showed decreased activity. The regulatory role of SST on cell proliferation has interestingly been previously reported in studies indicating that SST has an antiproliferative effect on hepatocarcinoma primarily because of anticarcinogenic components such as baicalein, baicalin, and saikosaponin [2, 40] . However, Figure 6 The clustering profile of temporally co-expressed genes by SST, based on the similarity of the transcription factor binding site (TFBS). Genes each from (A) both temporal up-and down-patterns, (B) from the temporal up-pattern, and (C) from the temporal down-pattern were clustered hierarchically, based on the similarity of TFBS structure in the promoter region (−2000 to +500 bp from the transcription start site). The positions of the temporal up-pattern genes and the down-pattern genes in (A) are highlighted in upper bar with red and blue colors, respectively. The positions of microRNA target genes are also indicated in green. The level of similarity is represented in colors from red (i.e., high) to green (i.e., low), as indicated by the scale bar with arbitrary units. The tightly clustered subgroups are colored in yellow boxes (Down-cluster and Up-cluster in (A) and MicroRNA cluster in (B) and (C)).
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clinical evidence and recent reports also suggest that SST enhances liver function by promoting the regeneration of the liver in animal models [6, 7] . Therefore, activation of cell cycle pathway and MAPK pathway in the present study could be explained by this liver-regenerative effect of SST.
Another major clinical effect of SST is immuno-modulatory activity in diverse diseases [41, 42] . As evidenced in previous reports, SST can activate or repress immune processes, depending on the cell type and the clinical situation [9, 43] . In our results, SST activated immune pathways such as the cytokine receptor pathway (mmu04060), the TNF signaling pathway (mmu04668), rheumatoid arthritis pathway (mmu05323), NOD-like receptor signaling pathway (mmu04621) but it also repressed other immune-related pathways such as the systemic lupus erythematosus pathway (mmu05322), the complement and coagulation pathway (mmu04610), and the Staphylococcus aureus infection pathway (mmu05150) (Figure 4 ).
This coordinated change, induced by SST on the activity of multiple pathways, implicates a common regulatory mechanism controlling the multiple pathways. We interestingly observed that some microRNA targets (e.g., CCNA2, PTTG1, CDK1, CCNB2, CDC25B, CCL7, MAPK12, and ESPL1 from the temporal up-pattern genes and CYP2F2, CYP3A11, and CYP2C50 from the temporal down-pattern genes) can act as core targets connected with multiple significant pathways from non-microRNA targets ( Figure 5 ).
We mentioned in the previous paragraph that signal pathways regulated by SST (e.g., the cell cycle pathway, PPAR pathway, and MAPK pathway) could be associated with the liver regenerative activity of SST. This can be also confirmed by using individual core node genes. For example, CCNA2 and CCL7, main elements of cell cycle pathways and the cytokine receptor pathway, respectively, are associated with liver regeneration in the rat liver [44, 45] . Also CDC25B can regulate mouse liver regeneration in association with FOXM1 by promoting hepatocyte proliferation [46, 47] . CDK1, another key element in the cell cycle pathway, plays an essential role in the control of DNA replication in liver regeneration [48] . These previous reports suggest that core micro-RNA target genes in temporal up-pattern could be associated with the liver regeneration function of SST by enhancing cell proliferation function. On the other hand, core microRNA target genes in the temporal downpattern (e.g., CYP2F2, CYP3A11, and CYP2C50) are exclusively associated with cytochrome P450 metabolism. However, there is interesting evidence that genes included in the cytochrome P450 family are also associated with liver regeneration. For example, early reduction of CYP activity has been observed in the regenerating rat liver, although the exact mechanism has not been elucidated [49] . The transcription of cytochrome P450 genes, including CYP3A11, moreover is reportedly suppressed by immune responses such as TNF-α in primary hepatocytes and hepatoma cells [50] [51] [52] . In consistent with the findings of previous reports, we observed the downregulation of cytochrome P450 metabolism pathways and the activation of the cytokine pathway (mmu04060) and TNF signaling pathway (mmu04668) by SST ( Table 2 and Figure 4 ), which imply the involvement of drug metabolism pathway and immune-pathways on liver regeneration process. To conclude, pathways identified in present study such as cell cycle pathway, drug metabolism-cytochrome P450 pathway and immune-related pathways, and individual core node genes could be possible molecular targets involved in liver regenerative process induced by SST. However, considering that SST has diverse pharmacological activities on various pathological conditions, the roles of these pathways and core node genes should be more precisely measured in a variety of physiological models.
We also observed that this coordinated regulation of gene expression by SST was predisposed in the genomic structure. As Figure 6A shows, the similarity in measurements of the TFBS clearly distinguished temporal up-pattern genes from temporal down-pattern genes. The present results imply that common cis-elements present in the promoter region of the genes could determine the temporal co-expression of genes induced by SST. Moreover, considering functions associated with each temporal pattern, the difference in TFBS structure between the two temporal patterns may be related to biological functions associated with each temporal pattern. For a clearer conclusion, a TFBS analysis should be performed of all genes at a genome level. It should also be elucidated whether resultant genes with a similar TFBS structure may be co-expressed by SST. What was more intriguing was that putative microRNA target genes also were clustered into separate subgroups, especially in the temporal up-pattern genes ( Figure 6B ). Recent research reveals that microRNA is involved in the promoter methylation of target genes to regulate the transcription level in association with transcription factors [53] and that this mechanism of gene expression would form the global regulatory network [12, [54] [55] [56] ; however, we do not know whether methylation-based regulation by microRNA is also involved in the present study. Moreover, there is no report on the role of the TFBS structure on the regulation of gene expression by microRNA. Therefore, we expect that our finding could give an important clue about the novel mechanism of gene expression by microRNA.
Conclusions
The present study is the first to indicate that SST systematically regulates gene expression by microRNA. We
